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The association between guns and crime has been and continues to be a topic of intense debate in society at large and among social scientists. The debate intensified after Lott and Mustard (1997) published results showing that crime declined following the passing of shall-issue laws 1 for concealed carry handgun licenses. This finding sparked a furious academic debate across disciplines. Political scientists, legal scholars, criminologists, economists and scientists working in medical fields all added their voices to the discussion. From my perspective, the most noteworthy (for data and methods used, as well as results) econometric studies on guns and crime appearing after Lott and Mustard (1997) include Ludwig (1998); Duggan (2001) ; Leenaars and Lester (2001) ; Cook and Ludwig (2003, 2006) ; Cook et al. (2007) and Leigh and Neill (2010) . Some works in this area bear strongly worded titles that rather clearly reflect their authors' perspectives: "Shooting Down More Guns, Less Crime" (Ayres and Donohue 2003b), "The Final Bullet in the Body of the More Guns Less Crime Hypothesis" (Donohue 2003) and "The Latest Misfires in Support of the More Guns, Less Crime Hypothesis" (Ayres and Donohue 2003a). These titles illustrate the intensity of the debate, which is also evident in Lott (2010: Chapter 7) . Academic research results became increasingly important in the public and legal arenas. This can be seen in Fox and McDowall (2008: III.1.A), which begins with the bold statement "There is A Proven Correlation between the Availability of Handguns and Incidents of Violence."
and then goes on to draw on findings from Duggan (2001) . In Fox and McDowall (III.1.C 2008) , a result from (Cook et al. 2007 : Section 4) is used to bolster their argument. Eventually, more refined econometric methods were applied to the issue. For example, Cook and Ludwig (2006) , following the lead of Duggan (2001) , apply advanced methods to very detailed data, taking into consideration many empirical problems.
I chose to revisit Cook and Ludwig (2006) (C&L hereafter) due to its rigor and the detailed description of the data sources from a preceding working paper (Cook and Ludwig 2004) . The original objective was to address specialized econometric problems, such as the noisy proxy used and truncation of the data due to the logarithmic model, and to also possibly confirm the results with five more years of data. In this attempt, I made a surprising discovery: C&L ignored a statistical property of their data (ratios) leading to spurious results in regression analysis. Even more surprising is that this pitfall has been known about for more 2 than a century (Pearson 1896) . This statistical property is the only reason C&L arrived at their result, based on which they advocated taxing gun ownership.
To make educated and welfare-maximizing decisions, public planners often rely on scientific findings. If these findings are biased or spurious, any public policy based on them may not have its intended effect and in the worst case could actually be harmful. To some, it may be "obvious" that externalities are imposed upon others by firearm possession. But even the "obvious" should be backed up by evidence if public policies, not to mention public funds, are going to be directed toward the issue and, unfortunately, C&L's results are not appropriate for this purpose. Their results are a statistical artifact of a well-known problem in regression analysis. This is my main finding and it is demonstrated in detail below. This work thus contributes to keeping spurious results out of the public policy debate. Furthermore the problem is illustrated in enough detail that other researchers may be alerted to this easy-to-miss problem and thus avoid it in their own empirical analyses.
This paper is organized as follows: C&L's original study is summarized and put into scientific context in Section 2. Section 3 describes the acquisition of the data necessary to repeat their analysis, and makes my analysis replicable by other researchers. Indeed, only those readers interested in such a replication need read Subsections 3.1 and 3.2. The results from Cook and Ludwig (2006) are repeated in Sections 3.3 and 4.3, with a sharp twist in the results in Section 4.4 nullifying C&L's original conclusion. Section 5 then shows how the results from Cook and Ludwig (2006) are spurious (mostly) due to ignoring the ratio fallacy -a problem known since Pearson's (1896) work and worked out in detail by Kronmal (1993) . This finding is confirmed via a battery of robustness checks in Section 6, some of which also present possible fixes for the earlier model specification. None of the models yield significance for the parameter of interest. Framework: The analysis assumes that gun ownership may impose externalities on society (Cook and Ludwig 2006: 379-380) , specifically that more guns may result in more homicides.
Measures: Due to a lack of administrative data on gun ownership, a proxy 2 AN OVERVIEW 3 is used. That proxy is the fraction of suicides committed with a firearm (Cook and Ludwig 2006: 380) , that is, "firearm suicides" divided by "suicides" (FSS or FS/S) . This proxy (a) seems reasonable as in a society with zero guns, FSS will be zero, and in a society where everyone has access to guns, all else equal, it very likely will achieve its maximum value. (b) is confirmed to function in the way intended by other studies (Azrael, Cook and Miller 2004; Kleck 2004) , at least for the cross-section. (c) is supported by evidence that with increased availability of firearms the number of shooting suicides increases (see Klieve, Barnes and De Leo 2009; Klieve, Sveticic and De Leo 2009; Leenaars et al. 2003; Kellermann et al. 1992 For homicides, the numbers of homicides on the county level are used.
Data:
The data used are a panel across the 200 U.S. counties with the largest populations (measured in 1990) and for the period 1980 to 1999. Statistics on population size and number of homicides and suicides, as well as some sociodemographic controls for each county, are available. From this information, a panel of ratios is computed with the appropriate numerators and denominators.
Methods: The panel of ratios is analyzed by a two-way (individual and time) fixed effects panel model on the logarithms. A variant of the estimating equation with a full description of the variables used can be found in Section 4.1. Different model specifications (different levels of aggregation, different sets of controls) are compared.
Main Result: From the logarithmic model an elasticity of the homicide rate with respect to the firearms ownership measure significant at the 5% level and on the order of 0.10 is estimated. From this result, an appropriate tax on gun ownership is calculated to be in the range of USD 100 to USD 1,800 depending on the local levels of gun ownership and homicides. Moody and Marvell's argument, (c) that the controls used are arbitrarily chosen and that some possible necessary controls are missing from the model. This last criticism is valid, but many sociodemographic controls can be substituted for each other and therefore I do not consider such a change in control variables -possibly attributable to data availability -to detract from the value of a study; also the fixed effects model will be able to capture any unobserved variables that do not change over time. Causality remains a problem and causal relationships have to be interpreted with care. Indeed, finding an association but stopping short of calling it causality seems prudent for the topic of guns and crime. Once an association is found, of course, it is worth trying to discover causal relationships.
The aggregated data set used in Cook and Ludwig (2006) (1997, 2008a, b, 2009a, b, 2008c, 2007a, b, c, d, e) All data aggregated above or below county level were dropped. From Table 1 , total population and rural population (used to compute urban population) are obtained. Table 10 gives the number of households. Table  12 , cell 2 contains the number of blacks. Table 15 , sum of cells 1-3 (males) and 28-30 (females) gives the population younger than five years (used to compute population aged five years and older). Bureau (1980 Bureau ( , 1990 Bureau ( , 2000 . C&L did not name the 1980 census as a data source in Cook and Ludwig (2004) , but it is mentioned in Cook and Ludwig (2006 : Table 1 ). Relying only on the 1990 and 2000 censuses does not change any of the findings discussed below. 9 The 2010 census gives the number of all female-headed households; it is remarkably higher than the number identifiable from the 1980, 1990 and 2000 censuses. 10 For detailed download procedures see Westphal (2013) . 11 United States Department of Justice.
Federal Bureau of Investigation (2006a , b, r, 2005 For data extraction, I used R 13 with Grothendieck (2011) , the latter very conveniently allowing SQL operations on R data frames. For the mortality detail data, the strategy is to read in the tab-separated file or fixed-width file for one year, and then drop all deaths occurring in counties not on the list of the 200 counties mentioned above. Next, count homicides, firearm homicides, suicides, and firearm suicides 14 -coded by either ICD9 or ICD10 -by county using SQL ÓÙÒØ´µ. Tables 1 and 2 . These changes may lead to mismatched assignment of values if ignored during data extraction; thus each data source and each year had to be individually checked for such changes. There are many potential sources of error here. Detailed instructions and all code used can be found on my personal website (Westphal 2013) for individual use and critical review. To replicate Cook and Ludwig (2006) , the five New York City counties are aggregated into one artificial county. 14 This includes homicides and suicides by explosives as these are not distinguishable in ICD9 coding. 15 The numbers extracted this way were confirmed using the Stata files provided by ICPSR and repeating the data extraction using independent Stata code, also available from Westphal (2013 (2010), (2) total: the (interpolated) population number from the censuses, (3) UCRpop: the population number from the FBI's Uniform Crime Report, (4) total5plus: the (interpolated) population number from the census for persons of five years and older, (5) households: the (interpolated) number of households from the censuses, (6) deaths: the number of all deaths (not used).
There are four numbers involving homicides and suicides (variables named by the respective ICD9 code): (1) E96: homicides, (2) E965: firearm homicides, (3) E95: suicides, (4) E955: firearm suicides.
The remaining nine variables are control variables: (1) resid5Yago: number of residents not having moved in the last five years, (2) rural: number of residents living in rural areas, (3) black: number of black residents, (4) fhh: number of female household heads, (5) UCRmurder: number of murders from the UCR (not used), (6) UCRrape: number of rapes from the UCR (not used), (7) UCRrobbery: number of robberies from the UCR, (8) UCRassault: number of assaults from the UCR (not used), (9) UCRburglary: number of burglaries from the UCR.
I then used these numbers to calculate the percentages with the appropriate denominator. Usually, the denominator is pop except for the ratio of people not having moved in the last five years (denominator is total5plus) and the ratio of female household heads, where the denominator is the number of households. Switching the denominator to either total or U CRpop changes the results only marginally from those reported below; correlation between pop and total is > 0.999 and correlation between pop and U CRpop is > 0.989.
There are detailed descriptives in Cook and Ludwig (2006: 382 and Table 4 . This column allows comparing my data to those of C&L while at the same time giving the correct descriptives. Indiscriminately weighting by county population will not result in the sample mean if the variable does not have county population as a denominator. For example, for the average number of suicides per county in
where, from now on, k is the county index and t is the time index. Note that the descriptives from Cook and Ludwig (2006: C&L used the logarithmic two-way fixed effects model with t = 1, 2, . . . , T indicating the years and k = 1, 2, . . . , K indicating the counties: 23 were not available at the time of writing. I also removed all counties having a zero in either of the ratios' numerators (see Table 4 ). Results for this and those presented in the following sections are qualitatively the same and numerically close when using (various subsets of) the unbalanced panel.
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The resulting balanced panel is 25 years long (1979 to 2004 without 1993) and 142 counties wide, i.e. there are 3,550 observations. Descriptive statistics do not differ much from those set out in Table 4 . From those values, rates, logarithms of rates, and lagged values for F SS are added to the dataset; 3,408 values remain for 1980 to 2004 after balancing on the lags and differences.
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Estimating Equation (2) from this balanced panel yields the estimation output in Table 5 , column labeled "Equation (2) This may be due to the large errors in the proxy, as noted by Cook and Ludwig (2006: 382) , which bias the coefficient towards zero. Balancing the panel by excluding zeroes favors counties with less error in the proxy, that is, larger counties in terms of population, which therefore, all else equal, have a lesser chance of producing zeroes, are favored by the balanced panel.
The within R 2 reported in Table 5 is magnitudes smaller than the R 2 of around 0.9 reported by Cook and Ludwig (2006: Table 2 ) for all their models. They reported the R 2 from the least squares dummy variable estimation. That measure includes the fit from the dummies. The within R 2 only includes the fit from the ratios in X k,t and F SS k,t−1 . This tells us that much of the variation comes from regional and/or intertemporal differences, caught by the dummies. The coefficient on the female household heads changes sign between the original study and my estimation, but this does not affect the arguments in Sections 4.4, 5 or 6. For β 1 , we can say the significant positive result from Cook and Ludwig (2006) Model (2) can be reformulated on the first differences, as is well known from reading any econometric textbook on panel analysis (e.g., Wooldridge 2002: Section 10.6). The individual fixed effects disappear from the model, the time fixed effects are transformed to the differences between the time fixed effects, and the errors are transformed. 27 The coefficients on the variables of interest remain the same mathematically, as can be seen from Equation (3).
Therefore, when estimating Equation (3) we would expect similar results in size and significance as achieved from estimating Equation (2). Looking at Table 5 reveals that all significance has disappeared from the model. This will be discussed in the next section.
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To understand what happens when we estimate the first difference model, the estimating equation (2) 
This equation still contains ratios, so it has to be written on the counts, yielding ln E96 k,t − ln pop k,t = β 1 (ln E955 k,t − ln E95 k,t ) + β 2,1 (ln bur glar ies k,t − ln pop k,t ) + β 2,2 (ln r obber ies k,t − ln pop k,t ) + β 2,3 (ln blacks k,t − ln pop k,t ) + β 2,4 (ln ur bans k,t − ln pop k,t ) + β 2,5 (ln 5 yearResidents k,t − ln pop5plus k,t ) + β 2,6 (ln f hh k,t − ln households k,
One of the left-hand summands -ln pop k,t -repeats itself multiple times on the right-hand side. Basically, this model explains "population plus homicides" on the left-hand side by six different "population + something" terms on the righthand side. Population is a perfect correlate of itself, 28 so as long as the added 27 For when this is beneficial, see Wooldridge (2002: Section 10.7). 28 It is nearly perfectly correlated with the population of those five years and older and the number of households; r > 0.99 for those variables.
5 DISCUSSION 14 values do not exhibit too much orthogonal variation to population itself, it will be able to explain itself. This is a variant of the ratio fallacy, first discovered by Pearson (1896) and discussed in detail by Kronmal (1993) , 29 which here appears disguised in a logarithmic model. This fallacy can be seen more clearly in the logarithms of ratios, as now the variable responsible for the spurious results is linear in the terms on both sides. The F SS denominator is the number of all suicides (E95), i.e., it is not population. Why this does not affect the argument is shown in Section 5.3.
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I now demonstrate what happens when we compute the first differences of any of the ratios' logarithms using the example of the left-hand side of Equation (6) to understand why significance vanishes here.
Population changes relatively the slowest over time compared to the other values. Therefore, the second fraction is always very close to 1, meaning that the logarithm is always very close to 0. This is shown in Table 6 when comparing (i) the values on the diagonal and (ii) their (rescaled) squared deviations from zero (see the bottom row): the diagonal tells us ∆ ln pop has much less variation than any other value and the bottom shows us that the values on average are much closer to zero than all other values. Around sixty percent of the variance in the value based on population ∆ ln pop k,t is variance between counties. 30 Close to 100% of all variance in all other values in Table 6 is variance within counties (over time). 31 Together with Table 6 this shows that all other values vary much more strongly over time than does the value based on population. Relative to the other values, the logarithm of the growth rate of the population can be considered constant, as it is depicted in Equation (6). Also, for the right-hand side term 29 Further ample warning about these specifications is given in the methodological literature: Kuh and Meyer (1955) ; Madansky (1964); Belsley (1972); Casson (1973) . 30 Computed by analysis of variance decomposition of variance: within-county variance is variance over time, between-county variance is variance between counties. 31 Actually, an analysis of variance decomposition shows negative between variance for E95, E955, and E96, which is rare but numerically possible and evidence for very low between variance.
5 DISCUSSION 15 of interest β 1 (∆ ln E955 k,t−1 −∆ ln E95 k,t−1 ), the term from the numerator is double the mean squared distance from zero and double the variance than the term from the denominator. This means that in this specific data set, taking the first differences at least partially removes the numbers causing spurious correlations between ratios. This does not mean, however, that taking first differences will solve this problem any time in any data set. Here, it basically removes population 
from all the terms and only the (growth rates) of the numerators remain in the model after taking first differences. Once population is removed from both sides, the right-hand side is no longer able to explain the left hand-side.
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One could now argue E95 k,t−1 is not population and therefore the results from Cook and Ludwig (2006) are not due to the ratio fallacy. When we look at the correlation matrix (Table 7) we immediately see that the correlation between suicides and population is far superior to any other correlation between the lefthand side and the right-hand side, at least in regard to the four variables shown in Table 7 . Auxiliary panel regression results in Table 8 º AEÓÒ× Ò× Ê Ö ×× ÓÒ ØÛ Ò Ì Ñ Ë Ö × Regression between time series is known to produce spurious results in the following settings: trending or auto correlated time series (Granger and Newbold 1974) , I(1) processes without drift (Phillips 1986 ), I(1) processes with further stationary regressors (Hassler 1996) , stationary AR processes (Granger, Hyung and Jeon 2001) , random walks with and without drift for fixed effects panel models (Entorf 1997), time-varying means (Hassler 2003) , and stationary processes around linear trends (Kim, Lee and Newbold 2004) , as well as in fixed effects (or first differences) estimations with weak variation in the time series (Choi 2011). It seems unlikely that none of these situations occurred in the original analysis, and thus there may be more sources for spurious results than just the ratio problem. As noted by C&L themselves (p. 383), there are heterogeneous trends for the dependent variable between counties. This is illustrated in Figure  1 . Clearly, a single time dummy is incapable of detrending heterogeneous trends across counties. Therefore, not all trends will be accounted for in C&L's original model. Many of those time-series-related problems are automatically dealt with when taking first differences, while the single time dummy from model (2) is not able to detrend heterogeneous county trends.
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We can look at the problem in C&L's model from the perspective of linear model theory. When we write out Equation (2) Equatin (7), we obtain
We see a linear restriction of
which is rejected with a p-value of 5.372 × 10 −14 . The number of households and the population of those five years and older are substituted for by population, as these are nearly perfect correlates.
32 Therefore, the original model seems to be misspecified. When estimation is performed on the first differences, the same restriction as in Equation (8) has to hold. In this case, the null hypothesis is not rejected (p-value of 0.90). This is further evidence that the differentiated model has in this case taken the ratio problem out of the data. However, this does not have to be the case for any dataset. 
with j = 1, 2, . . . , J and a linear restriction of b x + b z = 0 in Equation (10), the bias of the estimator of b x = b 1 can be computed. The bias is known (see Judge et al. 1985: 53, Eq. (3.2.6) ) to be
where G = 1 J ln X ln Z is the usual matrix of independent variables in the least squares model and 1 J , ln X and ln Z are column vectors of 1s, the ln x j , and the ln z j . R and r describe the linear restriction 
Considering all c v,w have the same denominator det(G ′ G), the fraction in Equation (14) becomes
33 I use different symbols here so as not to mislead the reader into thinking this is the same model as Equation (2). Furthermore the result can be directly applied to panel estimation. This can be seen from the appropriate transformations (e.g. Baltagi 2008: Sections 2.2, 3.2).
ALTERNATIVE SPECIFICATIONS 19
with z * j = ln z j , x * j = ln x j , and where each sum is on all j and the index has been omitted for readability. This, expanded by J −2 collapses to The first method for removing the spuriousness from C&L's model is given by Kronmal (1993: 390) : include the inverse of the deflating variable as an explanatory variable on the right-hand side. In a logarithmic model, this means we can just add the logarithm of the deflating variable. 34 The model then becomes
The estimation result from this model is set out in the column labeled "Eq. (17)" in Table 9 . Across the board, significance weakens considerably and completely disappears from the ratios computed from the best correlates of population in the numerator. This specification takes out the linear restriction on ln pop known from Equations (7) and (8). The linear restriction in (8) is now less restrictive:
The p-value for this null hypothesis is 0.002195. This still does not account for possibly spurious results due to time-series effects. It is likely that not all the left-hand side time series in the panel can be detrended by a single time dummy. Sections 6.2, 6.3, 6.4, and 6.5 discuss further model specifications.
34 I know of only one other study on this topic that explicitly addresses this technique: Kleck and Patterson (1993) .
35 I use ǫ k,t for the error term multiple times in this section; however, I do not assume it to be identically distributed for all models. Also I reuse β for coefficients with different interpretations. These are not identical across models. 
ln pop k,t now has a fixed coefficient of β pop = 1. This technique is known from the Poisson regression model for the analysis of rates. 36 Any spurious correlation between the left-hand side and the right-hand side due to population appearing on both sides is no longer possible. Results are reported in the column labeled "Eq. (19)" in Table 9 . There is no significance on F SS t−1 . Testing solely for the restriction β pop = 1 rejects the null hypotheses. 37 Therefore the model appears to be misspecified. Time series problems are not accounted for. 
with X i being individual observable controls, Gun i a dummy for gun ownership, and λ i individual i's unobserved individual propensity to commit suicide. Assume that a gun owner chooses suicide by firearm with a probability > 0. Then, as long as λ i is not negatively correlated with gun ownership and as long as γ ≥ 0, gun ownership will be associated with a higher probability of committing suicide at all or just with a higher probability of committing suicide by firearm. 40 For the limiting case of zero correlation between Gun i and λ i the relative risk of a gun owner becomes:
and the expected number of (firearm) suicides for a population of size pop will be 36 See Osgood (2000: 23-27 39 This is a linear probability model. The parameters must satisfy the requirement of 0 ≤ Pr(Suicide i ) ≤ 1∀i. The following argument holds for other monotonous link functions as well. 40 ∂ Pr(GunSuic i |Suicide i )/∂ Gun i > 0. 41 There is no evidence in the literature contradicting these assumptions.
6 ALTERNATIVE SPECIFICATIONS 22 under the simplifying assumption that only gun owners are able to commit suicide by firearm. When the X i are dummies, pop · X will become count data for those dummies (that is, numbers of people with certain characteristics). The relative risk notion in Equation (21) gives a very clear interpretation to the coefficients in this model. I go in the opposite direction, and start at the macro level by proposing a "risk model" (coefficients do not match the identically named coefficients in equations (20), (21) and (22)) for homicides that can be estimated solely on differences in the counts, thus removing the potential for spuriousness due to time series: (24) where X k,t now contains the numerators' values of the control ratios used by C&L. E955 k,t−1 now is the gun proxy -which, given Duggan's (2003) model, should be positively correlated to the number of gun owners -and the number of nonfirearm suicides is used as an additional control. Then β 1,1 should be positive if crime increases with more guns. Let us say β 0 is one person's baseline risk of becoming a victim/committing a homicide. Now attribute an additional risk to each gun owner, 42 then a relation of
exists, given the number of firearm suicides is somehow linked to the number of gun owners. Results are reported in the column labeled "Eq. (24)" of Table  9 . There is no significance on the variable of interest (E955). Significance on the other variables must not be over interpreted. For example, for burglaries, it might just mean there are around 170 times as many burglaries as homicides. This model is susceptible to criticism for obvious heteroscedasticity across counties with different levels of population. Standardization would be helpful. Also multicollinearity might be an issue, as all numbers used are part of the population and therefore are in pop k,t . 
These models allow cross-checking whether the right-hand side numerators actually explain the left-hand side numerator as intended, or whether some other mechanism is driving the results. In Equation (27) (28) reduces to 0.0810 when the left-hand side is changed to E96/pop, to 0.2790 when the right-hand side is changed to ratios, and, finally, to 0.06 when lhs and rhs are changed to the full model from Equation (2) (Table 10, second row). Thus, from a goodness-of-fit point of view, the only thing C&L's full model does, is add a lot of noise to Equation (28). This adds additional support to the already strong theoretical and quantitative argument in Section 5 that the results of the original analysis were driven by the ratio fallacy. The coefficients of these estimations have no useful interpretation; this was purely an illustrative exercise to show what is driving the results in the original paper.
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Other aspects of C&L's analysis could be addressed. Namely, (i) their data suffer from truncation for observations with zeroes in the numerators 44 and (ii) the FSS proxy is very noisy for smaller counties: Imagine a county in year t − 1 having 20 suicides, one with a gun, and in t 20 suicides, eight with guns. 45 Surely gun ownership did not increase proportional to this increase in FSS. This problem could be addressed by using moving averages.
46 However, as their results are purely an effect of a technical property of the data, further criticism of the study seems unwarranted. Which model should they have chosen? This remains an open question but given that none yields significance or anything close to it for the parameter of interest, finding the "correct" model becomes somewhat of a moot point. Of much more relevance, especially when it comes to the sensitive topic of gun control, is to discover how many studies on this topic have ignored the ratio problem?
